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Abstract

The rapid growth of genomic sequencing and biological data has created a need for
computational systems capable of identifying patterns that cannot be efficiently examined
through traditional laboratory methods alone. Artificial intelligence and genetics have therefore
emerged as closely connected fields, combining molecular biology, genomics, computer science,
mathematics, statistics, and healthcare. Artificial intelligence can help researchers interpret DNA
sequences, identify disease-associated genetic variants, predict protein structures, support
genome-editing research, and develop more personalized approaches to medicine.

This review paper examines Artificial Intelligence and Genetics as an emerging interdisciplinary
area of undergraduate study and professional development. Using a secondary-research
methodology, the paper reviews educational resources, government publications, scientific
literature, and publicly available reports to explore:

(i) why Al and genetics must be studied through an interdisciplinary curriculum;

(i1) how Al is being applied in genomic research, clinical genetics, agriculture, drug
development, and precision medicine;

(111) the technical, ethical, and regulatory challenges associated with genetic data; and

(iv) the skills and educational pathways that can prepare undergraduate students for careers in
computational genomics and related fields.

The review finds that Al is increasingly useful for processing large and complex genomic
datasets, prioritizing potentially harmful genetic variants, supporting rare-disease diagnosis,
improving gene-editing design, and integrating genomic information with clinical and
environmental data. However, the effectiveness of these technologies depends on the quality and
diversity of datasets, the transparency of algorithms, appropriate clinical validation, protection of
genomic privacy, and the continued involvement of qualified geneticists and healthcare
professionals.

The paper concludes that Al and Genetics offers promising educational and career opportunities
for students interested in both life sciences and computation. Undergraduate programs in this
area should combine foundational genetics, programming, statistics, bioinformatics, ethics, and
practical research experience. Students trained across these disciplines will be better positioned
to contribute responsibly to genomic medicine, biotechnology, agricultural genetics,
pharmaceutical research, and biological data science.

Keywords: Artificial intelligence, genetics, genomics, machine learning, bioinformatics,
precision medicine, genetic data, computational biology
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1. Introduction

Genetics is the study of genes, heredity, genetic variation, and the biological mechanisms
through which characteristics are passed from one generation to another. Genomics extends this
field by examining the complete genetic material of an organism and the relationships among
genes, biological pathways, environmental factors, and disease.

The development of advanced sequencing technologies has greatly increased the amount of
genomic information available to researchers. A single genome can contain millions of genetic
variants, while large research programs may collect genomic and health information from
thousands or even millions of individuals. Analyzing this scale of information requires
computational methods that can identify complex patterns, compare sequences, classify variants,
and generate predictions.

Artificial intelligence refers broadly to computer systems designed to perform tasks associated
with human intelligence, including pattern recognition, prediction, classification, language
processing, and decision support. Machine learning is a major branch of Al in which algorithms
learn patterns from existing data and use those patterns to analyze new cases. Deep learning uses
layered neural-network models and is particularly useful for processing large and highly complex
datasets.

The National Human Genome Research Institute notes that Al and machine-learning tools are
increasingly being used to uncover hidden patterns within large genomic datasets. These tools
may contribute to disease research, genomic interpretation and technologies such as CRISPR
gene editing.

The relationship between Al and genetics is therefore not simply a technological trend. It
represents a major change in how biological questions are studied. Traditional genetics often
begins with a hypothesis and examines a limited number of genes or biological mechanisms. Al-
assisted genomics can examine thousands of genes, variants, proteins and clinical variables
simultaneously. This allows researchers to investigate biological relationships that may be
difficult to identify through conventional analysis.

However, Al does not replace genetic expertise. Algorithms require carefully selected data,
scientifically meaningful questions, accurate biological interpretation and validation through
laboratory or clinical research. Al may identify statistical associations without establishing
biological causation. It can also reproduce bias when training datasets do not adequately
represent different populations.

Research Objectives
This paper aims to:
1. Explain why Artificial Intelligence and Genetics is an interdisciplinary field of
undergraduate study.
2. Review the major applications of Al in genetics and genomics.
3. Examine educational and career pathways associated with computational genetics.
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4. Discuss the ethical, legal and technical challenges created by Al-assisted genomic

analysis.
5. Recommend the skills and training experiences that improve undergraduate preparedness
and employability.
2. Methodology

This paper uses secondary research and narrative-review methodology. It synthesizes publicly
available information from:
e Government and public research institutions working in genomics;
e Peer-reviewed articles on Al, genetics and precision medicine;
o International guidance concerning genomic data and Al governance;
e Educational materials explaining genomic data science;
o Scientific reviews of Al applications in clinical genetics, genome editing and biomedical
research.
The sources were grouped into five broad areas:
Al and machine learning in genomic data analysis;
Clinical genetics and precision medicine;
Genome editing and biotechnology;
Ethics, privacy, fairness and governance;
5. Undergraduate education, skills and career preparation.
This review does not present an original experiment, clinical trial, survey or machine-learning

b=

model. It also does not attempt to evaluate every Al system currently used in genetics. Since this
is a rapidly developing field, particular tools and performance estimates may change as new
research is published.

3. Why Artificial Intelligence and Genetics Is Interdisciplinary

Al and Genetics combine two fields that have traditionally been taught through different
academic pathways. Genetics is generally located within biology, biomedical science or
biotechnology, whereas Al is usually taught through computer science, engineering, mathematics
or data science.

Their intersection requires students to understand both biological meaning and computational
methodology.

3.1 Genetics and molecular biology
Students must understand:
e DNA structure and replication;
e Genes and chromosomes;
e Mendelian and complex inheritance;
e Mutation and genetic variation;
e Gene expression and regulation;
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o Population genetics;
e Molecular biology;
Epigenetics;

e Human disease genetics.
Without this foundation, students may be able to operate computational tools without
understanding whether the results are biologically meaningful.

3.2 Computer science and programming
Programming allows researchers to organize, clean and analyze biological data. Commonly
useful areas include:

e Python and R programming;

e Algorithms and data structures;

o Database management;

e Data visualization;

e Software development;

e Cloud and high-performance computing;

e Reproducible computational workflows.
Genomic datasets are often too large to analyze manually. Computational efficiency and data
management are therefore essential parts of modern genetics.

3.3 Statistics and machine learning
Genetic research involves uncertainty, probability and variation. Students require knowledge of:
o Probability distributions;
o Hypothesis testing;
e Regression;
e C(lassification;
e Clustering;
e Model training and evaluation;
o Feature selection;
e Overfitting;
o Validation;
o Statistical genetics.
A machine-learning model may appear accurate while performing poorly on new populations.
Students must therefore learn to distinguish training performance from genuine scientific and
clinical usefulness.

3.4 Medicine and public health
Many Al-genetics applications are connected to disease diagnosis, treatment selection and risk
prediction. Students entering clinical or health-related research should also understand:

e Human physiology;
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¢ Disease mechanisms;

o Epidemiology;

e Clinical research;

e Genetic counselling;

e Public health;

e Medical decision-making.

3.5 Ethics, law and social sciences
Genomic information can reveal sensitive details about individuals and biological relatives.
Ethical study is therefore not an optional addition. It is central to the field.
Students should examine:

e Informed consent;

e Genetic privacy;

e Data ownership;

e Algorithmic bias;

e Insurance and employment discrimination;

e Incidental genetic findings;

e Reproductive genetics;

e Gene-editing ethics;

e Unequal access to genomic medicine.
The interdisciplinary structure of Al and Genetics reflects the reality that a technically accurate
prediction may still be clinically inappropriate, ethically questionable or socially harmful.

4. Major Applications of Al in Genetics

4.1 Genomic sequence analysis
DNA sequencing creates large collections of biological information that must be assembled,
compared and interpreted. Al can assist researchers by recognizing patterns in DNA sequences
and identifying regions that may have regulatory or functional importance.
Possible applications include:

e DNA-sequence classification;

o Identification of genes and regulatory regions;

e Detection of mutations;

e Comparison of genomes;

e Prediction of biological function;

e Analysis of non-coding DNA;

o Identification of disease-associated variants.
Al is especially useful because many important genomic patterns are nonlinear and may involve
interactions between multiple regions of the genome.
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4.2 Genetic-variant interpretation
Human genomes contain many variants that differ from commonly observed reference
sequences. Most variants are harmless, while some may influence disease risk or contribute to
inherited disorders.
One of the major challenges in clinical genetics is determining whether a variant is:

e Benign;

o Likely benign;

e Of uncertain significance;

o Likely pathogenic;

o Pathogenic.
Machine-learning tools can combine evidence such as evolutionary conservation, predicted
protein effects, population frequency and previously reported disease associations. This can help
researchers prioritize variants for further investigation.
However, algorithmic classification should not be treated as a final diagnosis. Clinical
interpretation also requires family history, symptoms, laboratory evidence and professional
judgement.

4.3 Rare-disease diagnosis

Rare genetic conditions can be difficult to diagnose because symptoms may overlap with other
disorders and clinicians may encounter only a small number of cases during their careers.

Al systems can compare a patient’s clinical features with known genetic disorders and rank
genes or variants that may explain the condition. The National Human Genome Research
Institute has described research using Al to predict rare genetic disorders and their severity.
Such tools may reduce the number of possibilities that clinicians must examine. Nevertheless,
their effectiveness depends on accurate symptom descriptions, reliable databases and sufficient
representation of diverse conditions and populations. NIH-supported research has also found that
leading language models may struggle when genetic conditions are described in ordinary patient
language rather than concise medical terminology.

4.4 Precision medicine
Precision medicine attempts to adapt prevention, diagnosis and treatment to individual
differences in genetics, environment, lifestyle and clinical history.
Al can help combine:

¢ Genomic information;

e Medical records;

o Imaging results;

e Laboratory reports;

e Environmental exposures;

o Lifestyle information;

e Treatment responses.
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This is important because genes alone rarely provide a complete explanation of a person’s health.
Multimodal systems attempt to examine interactions among genomic, clinical and environmental
factors. Current reviews suggest that Al may strengthen personalized treatment and risk
prediction, although further clinical validation and healthcare-system integration remain
necessary.

4.5 Cancer genomics
Cancer develops through genetic and epigenetic changes that affect normal cell growth and
regulation. Tumors from different patients may carry different mutations even when they arise in
the same organ.
Al can support cancer genomics through:

e Tumor classification;

e Mutation detection;

o Identification of potential biomarkers;

e Prediction of treatment response;

o Patient stratification;

e Analysis of tumor evolution;

o Integration of genomic and imaging data.
Al-assisted genomic analysis may help identify which patients are more likely to benefit from
particular targeted therapies. However, clinical use requires careful testing, regulatory review and
evidence that the model performs reliably across different hospitals and patient groups. Recent
reviews of Al in genomic medicine emphasize both its potential and concerns involving data
security, responsibility for errors, model reliability and clinical implementation.

4.6 Pharmacogenomics
Pharmacogenomics examines how genetic variation influences an individual’s response to
medicines. Some genetic variants affect how quickly a drug is metabolized, whether it is likely to
be effective or whether it may cause serious side effects.
Al may help analyze relationships among:

¢ Genetic variants;

e Drug metabolism;

e Dosage requirements;

e Adverse reactions;

e Treatment outcomes;

e Clinical characteristics.
The long-term goal is to support safer and more individualized prescribing. However, genetic
information is only one factor influencing drug response. Age, diet, organ function, other
medications and environmental exposures may also be important.

1649|Page



-l

—| American Scholarly Journal for Scientific Research (ASJSR)
ASJSR https://asjsr.org/ Volume 2026, Issue 1003 ISSN: 3143-2999

4.7 Al and genome editing
Genome editing allows researchers to make targeted changes to DNA. CRISPR-based systems
have greatly increased the speed and accessibility of gene-editing research.
Al can support genome editing by:

e Designing guide RNAs;

o Predicting target efficiency;

o Identifying possible off-target changes;

o Predicting editing outcomes;

e Discovering or engineering new editing proteins;

e Selecting promising experimental targets.
Scientific reviews indicate that Al is increasingly being used to improve guide design and predict
the outcomes of CRISPR-based editing.
Genome editing also raises significant ethical and governance questions, especially when
changes may be inherited by future generations. The World Health Organization distinguishes
between somatic editing, germline editing used for research and heritable genome editing and
has developed recommendations for national and international governance.

4.8 Protein structure and biological function
Genes contain instructions that contribute to the production of proteins. The three-dimensional
shape of a protein strongly influences its biological function.
Al models can help predict:

e Protein structure;

e Protein—protein interactions;

o Effects of mutations;

o Binding sites;

o Functional domains;

o Potential drug targets.
Protein prediction connects genetics to pharmaceutical development because a disease-associated
mutation may alter the structure or function of a protein. Al can help researchers investigate
these effects before conducting more expensive laboratory experiments.

4.9 Drug discovery and development
Genomic research can identify genes, proteins and pathways connected to disease. Al may then
be used to identify or design compounds that interact with those targets.
Applications include:
e Target identification;
e Molecular screening;
e Drug repurposing;
e Prediction of toxicity;
o Biomarker discovery;
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o Clinical-trial selection;

e Analysis of treatment response.
The integration of multi-omics data and Al may improve target identification and support more
precise clinical-trial design, although biological validation remains essential.

4.10 Agricultural and animal genetics
Al-genetics applications are not limited to human healthcare. In agriculture, AI can combine
genomic information with environmental and phenotypic data to support:

e Crop breeding;

o Disease resistance;

e Drought tolerance;

e Yield improvement;

e Livestock breeding;

e Animal-health monitoring;

o Selection of desirable traits.
These applications can help researchers identify genetic patterns associated with useful
agricultural characteristics. However, they must also consider biodiversity, food security,
ecological effects and access for smaller producers.

5. Artificial Intelligence and Genetics as an Undergraduate Field

A specialized undergraduate degree titled “Artificial Intelligence and Genetics” is not yet
common. Students generally enter the field through one of several established degrees and then
build interdisciplinary expertise through electives, minors, research and postgraduate study.

5.1 Genetics or genomics pathway
Possible degrees include:
o Bachelor of Science in Genetics;
e (Genomics;
e Molecular Biology;
e Human Biology;
o Biomedical Science;
e Biotechnology.
Students following this route should add programming, statistics, bioinformatics and machine-
learning coursework.

5.2 Computer science or Al pathway
Possible degrees include:

e Computer Science;

e Attificial Intelligence;

e Data Science;
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Mathematics and Computing;
Statistics;
Software Engineering.

Students should supplement these programs with genetics, molecular biology, biochemistry and
bioinformatics.

5.3 Bioinformatics or computational biology pathway

Bioinformatics and computational biology provide the most direct undergraduate pathways
because they are designed to combine biology, programming and quantitative analysis.

A strong program may include:

Genetics;
Molecular biology;
Genomics;
Algorithms;
Python or R;
Biostatistics;
Database systems;
Machine learning;
Sequence analysis;
Structural bioinformatics;
Research ethics.

5.4 Biomedical engineering or biotechnology pathway

Biomedical engineering and biotechnology can also lead to Al-genetics careers, particularly in:

Medical diagnostics;

Biotechnological product development;
Computational drug discovery;
Biomedical data science;

Genetic technologies;

Clinical research.

Students in these programs should intentionally develop stronger coding and data-analysis skills.

6. Skills That Improve Undergraduate Preparedness

6.1 Biological foundations
Students should develop a clear understanding of:

DNA, RNA and proteins;
Gene expression;
Mutations;

Inheritance;
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e Molecular pathways;

e Evolution;

e Population genetics;

e Human physiology and disease.

6.2 Programming skills
Python and R are especially useful because they are widely used for biological and statistical
analysis.
Students should learn to:
e Import and clean data;
e Write reusable code;
o Work with tables and biological files;
e Visualize results;
o Use scientific-computing libraries;
e Document computational methods;
o Use version-control systems.

6.3 Mathematics and statistics
Important topics include:

e Calculus;

e Linear algebra;

e Probability;

o Statistical inference;

e Regression;

e Bayesian reasoning;

o Experimental design;

e Model evaluation.
A student does not need to begin as an advanced mathematician, but quantitative confidence is
essential.

6.4 Machine learning
Students should understand:
e Supervised and unsupervised learning;
e C(lassification and regression;
e Neural networks;
o Training, validation and test datasets;
e Model accuracy and uncertainty;
e Feature importance;
e Explainability;
e Bias and fairness.
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6.5 Bioinformatics tools
Useful experience may include:
e Sequence alignment;
e Genome browsers;
e Variant annotation;
e (Gene-expression analysis;
o Phylogenetics;
e Protein databases;
e Public genomic repositories;
e Reproducible analysis pipelines.

6.6 Research and communication
Researchers must explain findings to biologists, programmers, clinicians and members of the
public. Students should practice:

e Scientific writing;

e Literature reviews;

e Data visualization;

e Research presentations;

e Collaborative work;

e C(ritical evaluation of evidence.

7. Career Pathways
The intersection of Al and genetics supports several career ladders.

7.1 Bioinformatics analyst

Bioinformatics analysts organize and interpret genomic or molecular datasets. They may work in
universities, hospitals, biotechnology firms, pharmaceutical companies or diagnostic
laboratories.

7.2 Computational biologist

Computational biologists develop and apply mathematical or computational methods to answer
biological questions. Their work may involve gene regulation, evolution, disease mechanisms or
cellular pathways.

7.3 Genomic data scientist

Genomic data scientists use statistical and machine-learning approaches to analyze large
genomic datasets. They may develop predictive models, identify biomarkers or integrate
genomic information with clinical data.
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7.4 Clinical bioinformatician

Clinical bioinformaticians help analyze patient genomic data and support the interpretation of
genetic variants. These roles normally require specialized training and must operate within
clinical and regulatory frameworks.

7.5 Al researcher in healthcare or biotechnology
An Al researcher may develop algorithms for:

o Disease-risk prediction;

e Genomic classification;

e Drug discovery;

o Image and genome integration;

e Variant interpretation;

e Clinical decision support.

7.6 Pharmacogenomics researcher
These professionals examine how genetic variation influences drug response and contribute to
personalized treatment strategies.

7.7 Genome-editing researcher
Genome-editing researchers investigate CRISPR and related technologies. Al expertise may be
used to improve guide design, predict outcomes or reduce unintended effects.

7.8 Genetic-data governance and bioethics
As genomic datasets expand, there is increasing need for professionals who understand:
e Research ethics;
o Data protection;
e Consent;
e Technology policy;
e Algorithmic accountability;
o Health equity;
e Genomic regulation.

7.9 Biotechnology and pharmaceutical careers
Graduates may also work in:

e Biomarker discovery;

e Precision oncology;

e Computational drug development;

e Clinical trials;

e Maedical diagnostics;

e Regulatory affairs;

e Scientific product development.
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8. Ethical, Legal and Social Challenges

8.1 Privacy of genomic data
Genomic data is highly personal and cannot be changed in the same way as a password. It may
also reveal information about biological relatives who did not provide the original sample.
Data protection must therefore address:

e Secure storage;

o Controlled access;

e Secondary use;

o Data sharing;

o Re-identification risks;

e Cross-border transfer;

o Commercial use.
In November 2024, the World Health Organization released principles for the ethical collection,
access, use and sharing of human genomic data. These principles emphasize individual rights,
equity and responsible collaboration.

8.2 Dataset bias
Genomic datasets have historically represented some ancestry groups more extensively than
others. An Al model trained on an unrepresentative dataset may perform well for one population
and poorly for another.
Bias can influence:

o Disease-risk estimates;

e Variant interpretation;

e Drug-response predictions;

e Diagnostic accuracy;

e Access to clinical innovation.
Increasing dataset diversity is therefore both a scientific and an ethical requirement.

8.3 Explainability
Some advanced Al models operate as “black boxes,” producing predictions without clearly
showing how individual factors contributed to the result.
In genetics, explainability matters because decisions may affect:

e Diagnosis;

e Reproductive choices;

e Cancer treatment;

e Preventive surgery;

e Family testing;

e Psychological wellbeing.
Clinicians and patients should be able to understand the evidence, limitations and uncertainty
associated with an Al-supported result.
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8.4 Clinical responsibility
Al may support a decision, but responsibility cannot simply be transferred to an algorithm.
Healthcare organizations must determine:

¢ Who validates the model;

e Who reviews the output;

e Who is responsible for errors;

e When human review is mandatory;

e How performance is monitored after implementation.

8.5 Genetic discrimination
Genomic information could potentially be misused by employers, insurers or other institutions.
Legal protections differ across countries, making regulation and public awareness important.

8.6 Gene editing and inherited changes
Somatic gene editing affects the treated individual, whereas heritable changes could be passed to
future generations. Al may make gene-editing design more efficient, but increased technical
ability does not automatically establish ethical acceptability.
Governance must consider:

o Safety;

o Consent of future generations;

e Medical necessity;

e Human enhancement;

e Social inequality;

e International oversight.

8.7 Generative AI and scientific reliability

Generative Al can help summarize research, generate computer code and assist scientific
communication. However, it may also produce incorrect references, invented explanations or
overly confident conclusions.

Students and researchers must verify Al-generated information against reliable databases and
peer-reviewed evidence. WHO guidance on Al for health stresses the importance of transparency,
accountability, safety, equity and human oversight.

9. Challenges Affecting the Field

9.1 Data quality

Al models are only as reliable as their data. Genomic datasets may contain:
e Sequencing errors;
e Missing information;
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e Incorrect labels;

e Population imbalance;

o Inconsistent clinical records;

o Differences between laboratories.

9.2 Correlation versus causation
An algorithm may identify a statistical relationship without proving that a genetic variant causes
a disease. Experimental and clinical validation remains necessary.

9.3 Limited generalizability
A model developed using one hospital, country or ancestry group may not work equally well
elsewhere.

9.4 Reproducibility
Research findings may be difficult to reproduce when code, data-processing steps or model
parameters are not adequately reported.

9.5 Integration into healthcare
Even a technically strong model may fail in practice if it does not fit into clinical workflows,
electronic-health systems or professional responsibilities.

9.6 Shortage of interdisciplinary professionals
Biologists may have limited programming experience, while Al specialists may not understand
genetics or clinical medicine. Educational programs must reduce this knowledge gap.

10. Recommendations

10.1 For undergraduate students
Students should:
e Build a strong foundation in either genetics or computing while gaining working
knowledge of the other field,
e Learn Python, R, statistics and basic machine learning;
e Complete coursework in molecular biology and genomics;
o Participate in a bioinformatics or computational-biology research project;
e Learn to use public genomic databases;
e Study research ethics and genomic privacy;
e Develop a portfolio containing code, data visualizations and scientific writing;
e Seek internships in biotechnology, healthcare analytics, research laboratories or
pharmaceutical companies.
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10.2 For universities
Universities should:
o Create interdisciplinary majors, minors or concentrations in Al and genomics;
o Allow biology students to take accessible computing courses;
o Allow computer-science students to study laboratory biology and genetics;
e Include practical genomic datasets in coursework;
o Teach model validation, bias and explainability;
o Develop partnerships with hospitals, biotechnology firms and research centers;
e Include ethics throughout the curriculum rather than as a single optional module.

10.3 For researchers

Research teams should:
e Include geneticists, data scientists, clinicians and ethicists;
e Validate models across independent and diverse datasets;
e Report limitations transparently;
e Avoid presenting prediction as proof of causation;
e Protect patient privacy;
e Maintain meaningful human oversight.

10.4 For policymakers and regulators
Policymakers should support:
o Ethical genomic-data sharing;
e Strong privacy and anti-discrimination protections;
o Representative national genomic datasets;
o Clear standards for Al validation;
o Public engagement;
o International cooperation on genome-editing governance.

11. Discussion

Atrtificial Intelligence and Genetics is best understood as a developing academic and professional
ecosystem rather than a single fixed occupation. The field connects foundational biological
research with medical innovation, agricultural science, pharmaceutical development and public
policy.

Its greatest strength is the ability to analyze biological complexity at a scale that would be
impossible through manual methods. Al can compare millions of genetic variants, examine
interactions among genes, integrate multiple forms of health data and generate hypotheses for
further research.

Its greatest weakness is the possibility that computational confidence may be mistaken for
biological certainty. A model can produce a precise numerical prediction while relying on biased
data, incomplete assumptions or poorly understood correlations.
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For this reason, successful professionals in the field will require more than coding ability. They
will need biological understanding, statistical discipline, ethical awareness and the ability to
communicate uncertainty.

The field also demonstrates why undergraduate education is becoming increasingly
interdisciplinary. The traditional separation between biology and computer science no longer
reflects how many major biological questions are investigated. Genetics is becoming more
computational, while Al is increasingly being applied to biological and medical problems.
Students do not necessarily need to complete a degree carrying the exact title “Artificial
Intelligence and Genetics.” They can enter through genetics, biotechnology, bioinformatics,
computer science, statistics, biomedical engineering or data science. What matters is the
intentional development of competence across biology, computation and responsible research.

12. Conclusion

The convergence of artificial intelligence and genetics is transforming how scientists analyze
DNA, investigate inherited disorders, study cancer, design genome-editing tools, discover
medicines and develop personalized approaches to healthcare.

Al is particularly valuable because genomic datasets are large, multidimensional and difficult to
interpret through traditional methods alone. Machine-learning tools can assist with sequence
analysis, variant prioritization, rare-disease investigation, pharmacogenomics, precision
medicine and agricultural genetics.

At the same time, genomic Al creates major concerns involving privacy, bias, explainability,
clinical responsibility and unequal representation. Al-generated predictions must therefore be
treated as decision-support tools rather than unquestionable conclusions. Qualified researchers,
geneticists and clinicians remain essential for interpretation and validation.

As an undergraduate pathway, Al and Genetics offers strong opportunities for students interested
in biology, medicine, computing and quantitative problem-solving. The most effective
educational preparation combines genetics, molecular biology, programming, statistics, machine
learning, bioinformatics and ethics.

Graduates with this interdisciplinary background may pursue careers in genomic data science,
clinical bioinformatics, computational biology, drug discovery, genetic diagnostics, precision
medicine, genome editing, biotechnology and technology governance. As biological research
becomes increasingly data-driven, professionals who can connect computational methods with
genetic understanding will play an important role in the future of science and healthcare.

References
e National Human Genome Research Institute. Artificial Intelligence, Machine Learning
and Genomics.
o National Human Genome Research Institute. Genomic Data Science Fact Sheet.
e National Human Genome Research Institute. Artificial intelligence tools help scientists
decode genomic disorders and communicate genomic risks.

1660 | Page



—| American Scholarly Journal for Scientific Research (ASJSR)

ASJSR https://asjsr.org/ Volume 2026, Issue 1003 ISSN: 3143-2999

World Health Organization. Human Genome Editing.

World Health Organization. Human Genome Editing: Recommendations.

World Health Organization. Principles for the ethical collection, access, use and sharing
of human genomic data.

World Health Organization. Ethics and Governance of Artificial Intelligence for Health.
Duong, D., et al. Artificial Intelligence in Clinical Genetics. European Journal of Human
Genetics.

Kamatani, Y., and Kaname, T. Artificial Intelligence in Medical Genomics. Journal of
Human Genetics.

Johnson, K. B., et al. Precision Medicine, Al, and the Future of Personalized Health
Care. Clinical and Translational Science.

Abdelhalim, H., et al. Artificial Intelligence, Healthcare, Clinical Genomics, and
Pharmacogenomics Approaches in Precision Medicine.

Thomson, T., Li, G., and Li, B. Harnessing Artificial Intelligence to Advance CRISPR-
Based Genome-Editing Technologies.

Parekh, A. D. E., et al. Artificial Intelligence in Personalized Medicine.

1661 |Page



